This paper provides a general overview about the use of fuzzy inference systems in the important field of river flow forecasting. It discusses the overall operation of the main two types of fuzzy inference systems, namely Mamdani and Takagi-Sugeno-Kang fuzzy inference systems, and the critical issues related to their application. A literature review of existing studies dealing with the use of fuzzy inference systems in river flow forecasting models is presented, followed by some recommendations for future research areas. This review shows that fuzzy inference systems can be used as effective tools for river flow forecasting, even though their application is rather limited in comparison to the popularity of neural networks models. In addition to this, it was found that there are several unresolved issues requiring further attention before more clear guidelines for the application of fuzzy inference systems can be given.
INTRODUCTION
Models belonging to the black-box type, or systems-based, attempt to describe the relationship between the input and output variables of a real system without explicit consideration of the internal physical processes that lead to this transformation. Applications of black-box-type models in the field of river flow forecasting have been available for decades. Most traditionally, these models have imposed a rigid functional structure on the input -output transformation. For example, several black-box-type rainfall -runoff models relying on an a priori definition of the functional relationship between rainfall (and other input variables) and discharge have been proposed in the literature (Todini & Wallis 1977; Nash & Barsi 1983; Kachroo & Natale 1992 ).
More flexible modelling techniques, which attempt to capture the input -output relationship of a system by extracting the patterns shown in the input-output data in an adaptive manner, without prior specification of a functional structure, have also been applied. Among these modelling techniques, artificial neural networks (ANN) are prominent for having been successfully applied in a number of river flow forecasting studies, especially during the last decade. In this context, the multilayer feedforward neural network is the most widely used network structure (e.g. Halff et al. 1993; Hsu et al. 1995; Shamseldin 1997; Rajurkar et al. 2004; Vos & Rientjes 2005) . Although the possibility of developing models that have a flexible formal structure is certainly attractive, these models still have the enormous drawback of not being transparent, in the sense that their functioning is rather obscure and not easily interpretable. Recent research has attempted to establish a relation between different neural network model components and specific physical processes inside the catchment (e.g. Wilby et al. 2003; Jain et al. 2004) , but these results are not conclusive, as only a few model structures and case studies have been considered.
Fuzzy inference systems (FIS), also referred to as fuzzy models, are nonlinear black-box models that describe the relation between the inputs and the output of a real system using a set of fuzzy IF -THEN rules. The internal doi: 10.2166/hydro.2009.038 operation of FIS requires the application of the inference rules of fuzzy logic, which can be defined as the "basis to what might be called approximate reasoning, that is, a mode of reasoning in which the truth values and the rules of inference are fuzzy rather than precise" (Zadeh 1975) .
FIS provide flexible solutions, because their model structure and inference mechanisms can be adapted to the modelling problem.
An important advantage of FIS over traditional black-box modelling approaches is their ability to infer the behaviour of complex systems purely from data, without prior specification of a functional structure. A further advantage of FIS over other data-driven modelling techniques, such as ANN, is that the functioning of FIS is more transparent. Because the structure of fuzzy rules can be extracted from the knowledge available about the real system, they can provide a formal representation with a more readily physical interpretation. In fact, subjective knowledge provided by experts can be incorporated into the model in a natural manner by translation into fuzzy IF -THEN rules, which can then be consecutively calibrated to fit the data. In the sense that their internal operation can be relatively easily understood by humans, FIS are sometimes considered "gray-box" rather than black-box type models (Lindskog 1997) .
In spite of these merits, the use of FIS in river flow forecasting is not as widespread as that of other data-driven modelling techniques such as ANN. One reason that probably explains the reluctance of hydrologists towards FIS is that a fuzzy-rule-based representation is inadequate to provide an accurate description of the input -output relationship in cases where too many input variables are required and/or the input -output relation is too complex.
In fact, one of the main weaknesses of FIS is what is sometimes called the "curse of dimensionality" (Kosko 1997) , which refers to the fact that the number of fuzzy rules that is necessary to model the input -output relation increases exponentially with the number of inputs, eventually resulting in a non-parsimonious model which can be very difficult to calibrate. Reducing the number of rules, however, generally decreases the approximation capabilities of the FIS. Evidently, this problem becomes more serious as the complexity of the input -output relationship increases. Another issue affecting the applicability of FIS is the lack of clear guidelines for calibrating the model parameters in such a manner that their major advantage, namely the model interpretability, is maintained.
FUZZY INFERENCE SYSTEMS
General structure of the fuzzy rules
The structure of a fuzzy rule can be formally expressed as 
Types of FIS
The rule consequents of a Mamdani-type FIS can be formally represented by the following equation:
where B m represents a fuzzy set in the output space.
The mth rule of a Mamdani-type FIS expresses a tendency of input vectors x ¼ (x 1 ,x 2 , … , x K ) in the region described by the fuzzy sets A 1,m , A 2,m , … , A k,m , to be associated with outputs y in the region defined by the fuzzy set B m .
For a given input X ¼ x ¼ (x 1 ,x 2 , … ,x K ), the inference mechanisms of fuzzy logic (Zadeh 1975) 
As pointed out by Takagi & Sugeno (1985) , each fuzzy rule of a TSK-type FIS can be interpreted as a local model of the real system under consideration, valid for the vaguely defined region of the input space that is described by the antecedent fuzzy sets A 1,m , A 2,m , … , A k,m . The functions f m are commonly first-order polynomials such as
which implies that the local models are linear functions of the input variables X k .
The overall operation of a multiple-input single-output TSK-type FIS is shown in Figure 2 . The model's output, The number of fuzzy rules which is necessary to approximate the input -output relation of the real system depends on the complexity of the real system, increasing with both the number of input variables and with the inherent complexity of the input -output relationship itself (Kosko 1997) . A larger number of fuzzy rules can provide a finer partition of the input space, which would generally lead to a better approximation of a nonlinear real system.
However, an excessive increase in the number of fuzzy rules may result in a non-parsimonious model that may be difficult to calibrate and risks overfitting the calibration data (Piegat 2001) . Thus, there is a need to strike a balance between model complexity and model performance.
Unfortunately, there are no clear guidelines with respect to the selection of the appropriate number of fuzzy rules.
This number is often estimated by trial and error, or through the use of clustering algorithms.
Calibration of FIS
The application of FIS for simulating the behaviour of a real system (e. In addition to being useful for preserving the interpretability of the rule system, the last two restrictions also help to alleviate undesirable features in the input-output relationship of the fuzzy models, such as local declinations or bumps (see, e.g., Piegat 2001).
Applicability of Mamdani versus TSK-type FIS
The structure of Mamdani-type fuzzy inference systems is conceptually simpler than that of TSK fuzzy models, because their rules can be more easily understood by humans. In addition to these, Mamdani-type fuzzy models are more suitable for representing expert knowledge that is given in the form of vague descriptions of the real system's behaviour (Cordon et al. 2001; Piegat 2001 More recently, FIS have also begun to be employed in the context of river flow forecasting.
EXISTING APPLICATIONS OF FIS IN RIVER FLOW FORECASTING

Flow forecasting combination
One of the earliest applications of fuzzy inference systems in this area has been the development of flow forecasting combination methods. It has been observed that the accuracy of flow forecasts can be improved by combining the discharge estimates from several individual models working in parallel rather than relying on a single individual model, which may be unable to simulate the behaviour of the catchment in all operating conditions .
Previous studies devoted to this topic have shown that 
Autoregressive models for time series forecasting
Using a time series modelling approach, some authors have applied FIS to construct time series forecasting models with a purely autoregressive input structure.
These models are intended to find a relationship between past flow measurements and future discharges, differing from more traditional autoregressive models (see, e.g., Salas et al. 1980) in that this relationship is not a priori restricted to being linear.
To start with, it has been observed that FIS-based time series forecasting models can outperform ARIMA models (Nayak et al. 2004; Lin & Chen 2005) . Nayak et al. (2004) also found that a TSK-type FIS-based flow forecasting model can have a similar performance to that of an ANN using the same input information. In any case, the main drawback of a time series approach to hydrological forecasting is that, although autoregressive models are able to provide good forecasts in some situations, they are not useful in cases with a weaker relationship between past and future time series values. 
Flow routing models
Rainfall-runoff modelling
Finally, the application of fuzzy inference systems in the development of rainfall -runoff models has also been 
RECOMMENDATIONS FOR FUTURE RESEARCH
There are two main research areas on which future studies should focus, in order to give FIS a wider acceptability as effective modelling tools for river flow forecasting.
It is possible that modelling guidelines that are specific to each kind of application need to be developed. 
